Background: Transcriptomics reveals the existence of transcripts of different coding potential and strand orientation. Alternative splicing (AS) can yield proteins with altered number and types of functional domains, suggesting the global occurrence of transcriptional and post-transcriptional events. Many biological processes, including seed maturation and desiccation, are regulated post-transcriptionally (e.g., by AS), leading to the production of more than one coding or noncoding sense transcript from a single locus. Results: We present an integrated computational framework to predict isoform-specific functions of plant transcripts. This framework includes a novel plant-specific weighted support vector machine classifier called CodeWise, which predicts the coding potential of transcripts with over 96 % accuracy, and several other tools enabling global sequence similarity, functional domain, and co-expression network analyses. First, this framework was applied to all detected transcripts (103,106), out of which 13 % was predicted by CodeWise to be noncoding RNAs in developing soybean embryos. Second, to investigate the role of AS during soybean embryo development, a population of 2,938 alternatively spliced and differentially expressed splice variants was analyzed and mined with respect to timing of expression. Conserved domain analyses revealed that AS resulted in global changes in the number, types, and extent of truncation of functional domains in protein variants. Isoform-specific co-expression network analysis using ArrayMining and clustering analyses revealed specific sub-networks and potential interactions among the components of selected signaling pathways related to seed maturation and the acquisition of desiccation tolerance. These signaling pathways involved abscisic acid-and FUSCA3-related transcripts, several of which were classified as noncoding and/or antisense transcripts and were co-expressed with corresponding coding transcripts. Noncoding and antisense transcripts likely play important regulatory roles in seed maturation-and desiccation-related signaling in soybean.
Background
Seed maturation and induction of dormancy represent essential stages in soybean seed development that are triggered through highly coordinated signaling and metabolic pathways within the seed maturation and desiccation programs. LEAFY COTYLEDON (LEC) 1 and transcription factors (TFs) containing the B3 DNA-binding domain, namely LEC2, ABSCISIC ACID INSENSITIVE (ABI) 3, and FUSCA (FUS) 3, are key regulators of seed filling, commonly called "the B3 regulatory network" [1, 2] . Their mutual interactions and interactions with their targets and components of phytohormone-mediated signaling connect these TFs within the well-studied B3 regulatory network to developmental and metabolic processes leading to the synthesis and accumulation of seed storage compounds. During late seed filling, maturing seeds acquire desiccation tolerance (DT) and dormancy, as the water content decreases, primarily through abscisic acid (ABA)-mediated signaling [1, [3] [4] [5] . Seed filling-, desiccation-, and dormancy-related processes are regulated at both the transcriptional and post-transcriptional levels. To gain a basic understanding of these regulatory processes, it is important to identify additional regulatory molecules, e.g., proteins and RNA, involved in the seed maturation developmental program, which can be achieved through transcriptomics in conjunction with bioinformatics analyses.
High-throughput RNA sequencing (RNA-Seq) reveals high transcriptional activity in unannotated and annotated regions of genomes in various organisms, resulting in the discovery of many previously unknown transcripts [6, 7] . Alternative splicing (AS) is a major source of this transcript diversity, as a single gene can encode multiple transcripts. These transcripts can be coding or noncoding, genic or intergenic, and sense or antisense. Coding transcripts are translated into proteins or regulatory peptides that can contain, or lack known domains important for function, regulation, interaction with other molecules, and subcellular localization [8, 9] . In contrast, noncoding transcripts, including long noncoding RNAs (lncRNA) and long intergenic noncoding RNAs (lincRNA) can act directly as regulators [6, 7, 10, 11] . These noncoding RNAs (ncRNAs) perform their regulatory functions through transcriptional interference, sense and antisense hybridization, interactions with RNAbinding proteins, and/or serving as precursors for small regulatory RNAs [7, 11] . Noncoding transcripts have been reported to be involved in the regulation of development and in responses to stress in plants [12] [13] [14] . To date, specific plant lncRNAs have been implicated in the regulation of flowering, response to cold, root meristem development, and modulation of AS [15] .
High-throughput experimental testing to predict the functions of newly identified transcripts is not possible. As a first step towards future experimentation, the functions of coding and noncoding transcripts can be inferred computationally by integrating several approaches, such as functional annotation based on sequence similarity, global functional domain analyses, determining the coding potential of transcripts, co-expression analyses, and the construction of hypothetical regulatory networks. Because transcripts can be coding or noncoding, determining their coding potential is a necessary step towards their functional characterization. Identification of conserved domains within newly identified coding sequences using well-established tools such as InterPro [16] and Batch Conserved Domain (CD) Search [17] is important for in silico function prediction.
Several tools have been developed for predicting the coding potential of individual transcripts primarily in animal systems, including Coding Potential Calculator (CPC) [18] , Coding Potential Assessment Tool (CPAT) [19] , PhyloCSF [20] , and iSeeRNA [21] . These tools rely upon sequence similarity and open reading frame (ORF) length to distinguish between coding and noncoding transcripts [10, 22] . However sequence similarity and ORF length alone lack sufficient power to accurately distinguish between coding and noncoding RNAs (ncRNA). Additional features, such as the presence of conserved functional domains, GC content, and the free energy of RNA secondary structure, are needed to improve the detection accuracy of ncRNAs [12, 23, 24] . To our knowledge, there are currently no comparable tools available to globally characterize coding and ncRNAs specifically in plants.
Here we present the development and implementation of a transcriptome-wide computational framework that combines high-throughput information with bioinformatics tools to predict potential functions and novel associations among transcripts and inferred proteins. Co-expression-related guilt-by-associations, timing of expression, sequence similarity, presence of functional domains in protein variants, and coding potential of transcripts were each used to infer possible function. The framework includes (i) a pipeline for global analysis of functional domains in proteins, and (ii) CodeWise, an accurate support vector machine (SVM) classifier that uses several features to predict the coding potential of transcripts. This framework was applied to an existing data set related to seed filling and early desiccation stages in developing soybean embryos [25, 26] . We mined this data set extensively in the context of AS events and (i) the coding potential of transcripts, (ii) the presence or absence of functional domains, (iii) similarity to Arabidopsis proteins, and (iv) timing and patterns of expression, including co-expression network analysis, during soybean embryo development. Highly connected nodes within the coexpression network (hubs) connecting the majority of transcripts expressed during the desiccation phase were identified. Hypothetical ABA-and FUS3-related signaling pathways focusing specifically on signaling components subjected to AS and related to soybean seed filling and acquisition of DT are also presented and discussed.
Methods

Definition of terms
Common terms used in this study are defined in Table 1 .
Analysis of RNA-Seq data and identification of differentially expressed transcripts
Our RNA-Seq data set (GEO accession number GSE46153) includes ten time points with three biological replicates per time point, representing the phases of soybean embryo development from the onset of seed filling to the onset of seed desiccation. Read mapping, transcriptome assembly, and differential expression analyses were done using Tophat2, Cufflinks, and Cuffdiff2 available in the Tuxedo Suite [27] RNA-Seq pipeline [25, 26] . The Glycine max reference genome (version 189) was used to guide transcriptome assembly, which yielded 39,191 known and 64,005 novel expressed transcripts. A transcript was defined as expressed if the sum of its FPKM (fragments per kilobase of exon per million fragments mapped) values across the time course was greater than 1. Based on the Cuffdiff2 results and temporal differential expression analysis at the isoform level, 17,181 transcripts were significantly differentially expressed during at least one time point when compared to the previous time point (false discovery rate (FDR) < 0.05). Based on further categorization, 2,938 out of 17,181 transcripts were also alternatively spliced and originated from 1,393 genes, meaning that for each of these genes, at least two differentially expressed splice variants (SVs) were identified. Nucleotide sequences of newly assembled transcripts were extracted and assembled using an inhouse Python program to parse the transcriptome reference output by Cuffmerge (merged.gtf) from the soybean genome. Class codes used are a set of 12 Cuffcompare Table 1 Glossary of common terms that were used in this study Term Definition
Degree of connectivity Identification of how well a node is connected in a network. For example, if a network has 10 nodes and a node is connected to 5 nodes, it's degree of connectivty is 0.5.
Desiccation tolerance (DT) phase
The last phase in developing embryos characterized by loss of water, a sharp increase of desiccation-related metabolites and transcripts, and acquisition of DT in yellow embryos at day 55.
Differentially expressed transcript A transcript that was significantly differentially expressed at at least one time point compared with previous time point (FDR < 0.05).
Domain categorization
The domain composition of SV-pairs were compared and categorized into similar domains, no known domain, and disparate domains.
Early maturation phase This first phase in seed filling is characterized by an initial decrease in metabolites and cell-division-related transcript levels and the onset of accumulation of seed storage compounds.
Expressed transcripts A transcript was defined as expressed if the sum of its FPKM values across the time course was greater than one.
Hub
Highly connected nodes in a network (nodes with the highest degree of connectivity).
Mid-to-late maturation phase This phase in embryo development is characterized by a stable accumulation of seed storage compounds.
Nearest neighbors
Nodes directly connected through individual edges to a single node of interest.
Regulon
A group of transcripts known to be targets of a common TF. For example, a group of transcripts known to be targets of ABI3, is called the ABI3 regulon.
Soybean developmental stages Three major developmental stages (early maturation, mid-to-late maturation, and DT) defined in this report on the basis of changes in the levels of relevant metabolites, seed storage compounds, and transcripts in developing soybean embryos.
Splice variant (SV)
Transcripts that are products of the same precursor mRNA.
Sub-network A group of nodes and edges that are part of a larger network. For example, a node with all its nearest neighbors comprising the members of the FUS3 regulon is a sub-network.
Super-cluster Clusters of transcripts with similar expression profiles grouped according to predefined soybean developmental stages.
SV group
A group containing at least two SVs of a gene both of which were significantly differentially expressed during embryo development. For example, gene X has three SVs (X.1, X.2, X.3), and X.1 and X.3 showed changes in transcript levels and X.2 was stably expressed in developing embryos. X.1 and X.3 belong to the same SV group representing gene X.
transcript codes proposed by [28] . Novel transcripts appeared as novel SVs of known genes (transcript classes "j", "o", and "c"), as well as in intergenic (transcript classes "-" and "u") and antisense (transcript classes "x" and "s") classes. The term "transcript" is used as a general term and includes all types of detected transcripts as opposed to SVs that are defined as transcripts produced from the same premature messenger RNA (pre-mRNA). The nomenclature for novel SVs was adapted from [25] . For example, if a gene had two known SVs, two novel SVs were designated N3 and N4.
Transcriptome-wide computational framework
We devised an extensive framework to obtain isoformspecific information for all expressed transcripts using Batch CD-Search [17] , Mercator [29] , RNAfold [30] , CPC [18] , and CodeWise (Additional file 1: Figure S1 ). The results obtained from the application of each tool were mined separately and also in conjunction with the other tools to enable functional inference for selected known and novel transcripts. All parameters in the publicly available tools were set to their default values unless otherwise stated. In the following sections, implementation details of each tool are described.
Batch translation and Batch-CD Search
First, the in-house Python program BatchTranslator.py (Additional file 2) was used to find the longest protein sequence in each nucleotide sequence in batch mode. This program evaluates all ORFs of a sequence, starting with the AUG start codon and ending with any of the three stop codons, returning only the longest protein sequence. The program produces two separate output files: (i) FASTA protein sequence and (ii) information on translation statistics including the length of the 5' untranslated region (5'-UTR), potential ORF length, potential ORF ratio (length of potential ORF)/(length of transcript), 5'-UTR ratio (length of 5'-UTR)/(length of transcript), and protein length. The in-house program accepts a FASTA file and returns the most likely ORF of a transcript with accuracies of 99 in Arabidopsis thaliana, 96 in Medicago truncatula, and 95 % in Glycine max, (all data were obtained from Phytozome v9). Second, Batch CD-Search, which accepts up to 100,000 protein sequences at a time, was used to identify conserved domains [17] .
Mercator
Lohse et al. [29] is a sequence similarity-based functional annotation tool that uses the Basic Local Alignment Search Tool (BLAST) algorithm to identify sequences that resemble the query sequence (above a specified threshold) from several reference sequence databases. Collectively, these databases contain information on all All parameters were utilized in the Mercator web server and the BLAST cutoff parameter was set to 50.
RNAfold and CPC
Available in the Vienna package [30] , was used to predict RNA secondary structure and the minimum free energy of all transcripts by using the command-line version of RNAfold in batch mode. The CPC web server [18] was used to assess the coding potential of transcripts. CPC uses an SVM classifier trained with respect to sequence similarity (using BLAST) and length (using FrameFinder).
Coding potential is predicted with reference to known protein sequences in the UniProt database [31] .
Development of the CodeWise classifier
We developed the CodeWise classifier for accurate assessment of the coding potential of plant transcripts. CodeWise integrates the tools described above with additional features that aid in the categorization of coding versus noncoding transcripts.
Features
CodeWise features include: (i) sequence length, potential ORF ratio, UTR ratio, and potential protein length, (ii) sequence content (GC content, and T/A and G/C ratios), (iii) conserved domain information (number of conserved domains and extent of domain truncation), (iv) RNAfold-based minimum free energy of RNA secondary structure, (v) protein sequence similarity and functional annotation (presence of transcripts within the MapMan bins), and (vi) CPC scores. The Batch CD-Search tool was used as described above to identify conserved domains in each amino acid sequence. The extent of domain truncation is reflected in the "truncation ratio" defined as (the number of truncated domains)/(total number of domains).
Training and testing
The features described above were compiled for a total set of 115,000 unique Arabidopsis thaliana transcripts from The Arabidopsis Information Resource (TAIR) 10 database [32] and Glycine max (version 189) transcripts [33] , including coding (positive class) and noncoding transcripts (negative class). The LibSVM package was used for implementation of the SVM classifier [34] . The positive training set included 35,000 Arabidopsis transcripts and 50,000 soybean coding transcripts. The negative training set included non-redundant known Arabidopsis noncoding transcripts from 3 resources: (i) 25,000 from the plant long non-coding RNA database PLncDB [19] , (ii) 3,800 from the NONCODE version 4 database [35] , and (iii) 278 from TAIR10 [32] . There is currently no available source for noncoding soybean transcripts. Due to the low number of available noncoding transcripts, weighted SVM training (−wi weight in LibSVM) with a 3 to 1 ratio was used to prevent unbalanced training. 75 % of the data were randomly selected for training, and the remainder of the data were used for testing, keeping the existing 3 to 1 ratio between the coding and noncoding transcript classes. The training and testing samples were normalized between −1 and +1 prior to training using the svm-scale program available in LibSVM. Several kernels (radial basis functional (RBF), polynomial, and linear) were used to select the best model. The linear kernel showed the best accuracy of 96 %, followed by the RBF kernel (94 %). Accuracy was determined as the ratio of correct predictions to the total number of transcripts. SAS JMP Pro 11 was used for feature assessment in CodeWise using Linear Discriminant Analysis (LDA) and Principal Component Analysis (PCA).
Clustering and correlation analyses
GeneCluster 3.0 [36] was used for centering, normalizing, and clustering of SVs into 5, 10, 15, 25, and 30 clusters based on their FPKM values with 500 iterations using the k-means algorithm. Distinct expression patterns within the transcript population were detected in 25 clusters (Additional file 3: Figure S2 ). Therefore, k = 25 was selected for further visualization in Java Tree View [37] and for data mining. Pearson correlation analysis of sense and antisense transcripts was calculated using an in-house Python program. Sense and antisense transcripts that showed significant correlation of expression over the time course of soybean embryo development were identified (p-value < 0.05).
Co-expression network analysis
ArrayMining was used to construct a co-expression network for the set of 2,938 differentially expressed and alternatively spliced transcripts. ArrayMining yields a weighted gene co-expression network of significantly correlated genes that have similar expression patterns within a user-defined threshold [38] . The FruchtermanReingold method was used for network visualization, the edge-adjacency threshold was set to 0.9, and the resulting network was visualized using an organic layout in Cytoscape 3.1 [39] . We define two nodes as nearest neighbors in a network if there is a direct edge connecting those two nodes. If a node (x) is connected to m nodes and n is the total number of nodes in a super-cluster sc, the degree of connectivity of x in sc can be defined as:
Degree of connectivity x; sc ¼ m n
=
The degree of connectivity for super-cluster sc did not follow a normal distribution and median was chosen to represent this distribution. The degree of connectivity for a super-cluster sc was defined as:
Degree of connectivity sc ¼ median Degree of connectivity all nodes;sc
Signaling pathway visualization
The in-house tool Beacon was used for the visualization of signaling pathways [40] . The Beacon Pathway Editor consists of a tool designed to draw pathways encoded in the Systems Biology Graphical Notation Activity Flow language that is a standard for describing pathways in terms of perturbations, influences, activities, logical operators, and phenotypes [41] .
Quantitative real-time PCR
Quantitative Polymerase Chain Reaction (qPCR) was performed on selected sense and antisense transcripts, including LEC1-Like (L1L), two ETHYLENE RESPONSE FACTOR/APETALA 2 (ERF/AP2) TFs, gibberellin 2 (GA2) oxidase, and phytochrome-interacting basic helixloop-helix 5 (PIL5), using samples from several time points to further validate the changes in transcript levels obtained from RNA-Seq as described [25] . The validated transcripts and their specific primers are summarized in Additional file 4: Table S1 . Comparison between expression results from RNA-Seq and qPCR are shown in Additional file 5: Figure S3 .
Results
Overview of the transcriptome-wide computational framework
The data used in this study were taken from an existing transcriptomics data set pertaining to seed filling and early desiccation stages of soybean embryo development [26] . Differential expression analysis of this dataset yielded 17,181 transcripts (many of which were previously unidentified) that showed significant changes in their levels over time (FDR < 0.05) [25] . Some of the newly identified transcripts were novel SVs, intergenic, and/or antisense and of different coding potentials. These types of transcripts, although important in regulating various aspects of cell development [8] [9] [10] 12] , have been largely neglected in analyses of transcriptomics studies to date.
Our framework (Fig. 1 ) involves new and existing tools that were applied (i) globally to all identified known and novel transcripts and (ii) to a set of 2,938 transcripts originating from 1,393 genes. Each of these genes was defined as having at least two significantly differentially expressed SVs in developing soybean embryos. These 2,938 transcripts do not include transcripts that showed stable, non-changing expression levels. While the entire analysis was performed at the transcriptome-wide level, detailed mining of splicing events and function predictions was only performed on the smaller data set of 2,938 transcripts.
The first steps in the analysis included (i) large-scale functional domain analysis by batch CD-Search [17] , (ii) predictions of RNA secondary structures and their minimum free energy by RNAfold [30] , and (iii) functional predictions and annotations by Mercator [29] . These tools were used independently and also in conjunction with the in-house SVM classifier CodeWise to assess the coding potential of transcripts. Second, additional tools were applied to the set of 2,938 transcripts, including (i) co-expression network analyses by ArrayMining [38] and visualization in Cytoscape [39] , (ii) the depiction of inferred signal transduction pathways in the Beacon Pathway Editor [40] based on prior knowledge combined with our data, and (iii) Pearson correlation analysis of sense and antisense transcripts by an inhouse python program, all in the context of AS, and timing and patterns of transcript expression. In the Fig. 1 Computational framework. Transcriptome-wide analysis tools comprised large-scale conserved domain search using Batch CD-Search, RNA secondary structure prediction using RNAfold, functional annotation by Mercator, and coding potential assessment using CodeWise. These tools, in conjunction with co-expression network analysis by ArrayMining and signal transduction pathway analysis in Beacon, were used for detailed data analyses of a set of 2,938 transcripts. This population afforded the opportunity to identify candidate SVs transcribed from the same gene with potentially distinct functions in different stages of soybean embryo development. Each of the 1,395 genes had more than one transcript significantly differentially expressed during time-course of soybean embryo development (FDR < 0.05), leading to the detection of 2,938 transcripts. Tools are shown in black, inputs in blue, and outputs in green following sections, different modules of this framework are explained in detail.
Transcriptome-wide domain analysis of protein variants
Detection of the presence or absence of functional domains can aid in predicting interactions and therefore, functions of protein isoforms. For example, a novel protein isoform possessing a new domain known to facilitate interactions with signaling proteins of known function can be inferred to potentially interact with these other proteins and function in those signal transduction pathways. Hence, there was a need to obtain global information concerning the presence, absence, and/or truncation of functional domains. All known and novel expressed transcripts were translated in silico to identify the longest amino acid sequence and then subjected to Batch CD-Search [17] to identify conserved domains in the set of protein sequences. This transcriptome-wide domain analysis led to the extraction of specific domain information for all expressed transcripts (Additional file 6: Table S2 ).
Transcriptome-wide analysis of transcript coding potentials CodeWise classifier development
An important and challenging step for functional predictions is determining the coding potential of transcripts, which is a measure of how likely a transcript is to encode a protein. Noncoding transcripts can potentially interfere with, or otherwise affect, gene expression, which makes them candidates as important transcriptional and post-transcriptional regulators [6, 7, 10, 11] . Integration of as many features as possible improves the accuracy of coding potential prediction tools. We gathered a large compendium of data related to sequence, RNA structure, conserved domains, sequence similarity, and functional annotation of Arabidopsis and soybean transcripts. We used binary SVM classification, which is a supervised learning approach known to yield high accuracy in high dimensional input data such as genomics data [42, 43] . A large spectrum of features was selected for evaluating the coding potential of each transcript in CodeWise to distinguish coding from ncRNAs: (i) sequence length, (ii) sequence content, (iii) presence and truncation of conserved domains, (iv) free energy of RNA secondary structure, (v) protein sequence similarity, and (vi) CPC score.
These features were selected based on the current state of knowledge about the characteristics of coding and noncoding transcripts. First, features related to the nucleotide and protein sequence length were shown to be necessary, but insufficient, for the separation of coding from noncoding transcripts [12, 23, 24] . These features include ORF and 5'-UTR ratios and potential protein lengths. Second, noncoding transcripts were shown to have higher GC content and T/A ratio than protein-coding transcripts [12, 44] . Third, proteincoding transcripts are likely to have conserved domains. Truncation of domains in either the C-or the N-terminus can affect protein function. To obtain information on the presence, absence, and/or truncation of functional domains, transcripts (including ncRNAs) were subjected to computational batch translation and batch CD-search. In the case of ncRNAs, putative start and stop codons and potential peptides can still be identified computationally. Fourth, protein-coding transcripts have more stable secondary RNA structures than noncoding transcripts, which is reflected in their minimum free energy [44, 45] . This parameter was predicted by using RNAfold [30] for all coding and noncoding transcripts. Fifth, protein sequence similarity and functional annotation can be important to distinguish coding from noncoding transcripts. Mercator [29] was used to assign transcripts into MapMan [46] ontology bins based on protein sequence similarities. Sixth, CPC is used to assess the coding potential of transcripts [18] . Incorporation of the CPC score as a feature in CodeWise was evaluated as well. These features were tested together and in different combinations to assess their importance for the overall accuracy of CodeWise.
CodeWise performance evaluation
CodeWise classified transcripts into coding and noncoding groups with the area under the receiver operating characteristic curve (AUC) > 0.98 on an independent test set, when all features were used for training (Fig. 2a) . For assessing the coding potential of transcripts in CodeWise, no predetermined cutoff was used for distinguishing coding from noncoding transcripts with respect to protein length and sequence similarity. Instead, the classifier learned the cutoffs and patterns that exist between coding and noncoding classes among the training features. CodeWise assigned both coding and noncoding probabilities to each transcript. CodeWise outperformed CPC by a higher number of true predictions and a lower number of the false predictions (Fig. 2b) . Because the other available tools, specifically iSeeRNA, PhyloCSF, and CPAT do not include plants as a model system, evaluating their performance relative to CodeWise was irrelevant.
We used three methods to assess the contribution of different features within CodeWise. First, the CodeWise classifier was trained and tested with all combinations of six feature groups (127 combinations). Second, principal component analysis (PCA) was performed to evaluate how different features contributed to the variance between coding and noncoding classes (Fig. 2c) . PCA results revealed that sufficient separation (with only a small proportion of outliers) between the coding and noncoding transcripts was achieved solely through principal component 1 (PC1), which accounted for 34.3 % of the variance. PCA also revealed the positive and negative correlations among the specific individual features (depicted as eigenvectors aligning in the same and opposite directions, respectively, along the PC1 axis in the loading plot of Fig. 2c ). Third, LDA was used to find linear combination of features with the highest covariate scores for separation of coding and noncoding transcripts. LDA resulted in 93.94 % correct classification of coding and noncoding transcripts with AUC of 0.9797 for both coding and noncoding classes. These three evaluation techniques revealed that at least three specific feature groups are required for separation of coding from noncoding transcripts: (i) the free energy associated with RNA secondary structure, (ii) the presence of conserved domains, and (iii) sequence features (5'-UTR ratio, potential ORF ratio, and protein length). Because CPC scores are highly correlated with ORF ratio and protein length, this feature does not affect CodeWise predictions (Fig. 2b) . No significant differences were observed in the nucleotide content, specifically between the GC content or the T/A ratio, of coding transcripts and noncoding transcripts (Fig. 2b) .
Noncoding transcripts had significantly higher minimum free energy of RNA secondary structure and tended to be shorter, with higher 5'-UTR ratio, lower potential ORF ratio, shorter predicted protein lengths, no conserved domains, and lower CPC scores than coding transcripts (Fig. 3) . The average minimum free energy of RNA secondary structure of coding and noncoding sequences was −371 and −134 cal mol −1 , respectively (Fig. 3f ) .
Transcriptome-wide analysis of coding and noncoding transcripts in developing soybean embryos using CodeWise Transcriptomics analysis revealed the expression of 39,101 known and 64,005 novel transcripts in developing soybean embryos ( Table 2) . The transcript population included transcripts from genic and intergenic regions. Based on the Cuffdiff2 analysis, 17,181 out of 103,106 transcripts showed significant differential expression. On average, a soybean gene produced three transcripts and, for the most part, the previously known SVs showed significantly higher expression than the novel transcripts (p < 0.0001, t-test). Known transcripts had significantly higher average FPKM values than antisense, intergenic, novel genic sense, and overlapped transcripts (p < 0.0001, t-test). Using the CodeWise classifier, we identified 13,652 lncRNAs, including 10,023 genic lncRNA, 1,064 lincRNAs, and 2,295 noncoding antisense transcripts (Additional file 7). Based on CodeWise test results on coding and known noncoding plant transcripts compiled from existing databases [19, 32, 33, 35] , we estimated that about 96 % (AUC > 0.98) of these lncRNAs were correctly rejected as coding (true negatives). Long noncoding transcripts showed significantly lower expression than coding transcripts (p < 0.0001, t-test), which is consistent with other studies [23, 47, 48] .
Bioinformatics analyses of AS events
Identification of alternatively spliced and significantly differentially expressed transcripts
We previously identified 1,393 genes, each with more than one significantly differentially expressed transcript, resulting in a population of 2,938 known and novel SVs and antisense transcripts [25] . This population afforded the opportunity to identify candidate SVs transcribed from the same gene with potentially distinct functions in different stages of soybean embryo development. Transcriptome-wide analysis of this relatively small subset revealed several interesting phenomena in the context of embryo development. To illustrate the use of our framework for biological data mining and function inference, this set of transcripts was further analyzed in several ways. The k-means clustering algorithm was used to group these 2,938 transcripts into 25 clusters (Additional file 3: Figure S2 ) that represented major trends in seed filling and early desiccationrelated processes. Transcripts belonging to the individual clusters are presented in Additional file 8: Table S3 . Some of the clusters displayed similar trends and were therefore merged into six super-clusters (Fig. 4a) , based on prior knowledge obtained from the same dataset concerning the timing of metabolite and metabolism-related transcript accumulation [26] . Three basic trends reflecting changes in metabolite and transcript levels (Fig. 4b) included: (i) early maturation -initial decrease until day 15 -20, followed by stable low levels (green trend), (ii) mid-to-late maturation -initial increase, followed by stable high levels (blue trend), and (iii) desiccation (DT) -appearance of metabolites and transcripts in yellow embryos at day 55 (red trend). Overall, the transcripts were not evenly distributed among the six super-clusters. The majority of AS events were observed in the DT super-cluster, followed by the early and mid-to-late super-clusters (Additional file 9: Figure S4 ). Known and novel splice junction SVs dominated all super-clusters, but a small number of transcripts belonging to other classes (exon skipping and antisense) were also observed in nearly all super-clusters (Additional file 9: Figure S4 ).
The three temporal patterns provided the basis for further mining of the population of 2,938 SVs, which included (i) expression patterns, (ii) presence or absence of conserved domains, (iii) functional annotation based on protein similarity by Mercator, (iv) CPC-and CodeWise-derived coding potential predictions (Additional file 8: Table S3 ), (v) potential ORF ratio and 5'-UTR length, and (vi) GC content. Classification of 2,605 transcripts was consistent between CodeWise and CPC, while 333 transcripts were reclassified by CodeWise. Based on the testing results presented above, 96 % of these predictions are estimated to be correct.
Conserved domain analysis of potential protein variants
We define an "SV group" as those isoforms in the population of 2,938 transcripts that were spliced from the same pre-mRNA. Members of each SV group were divided into three categories in terms of differences in their conserved domains. This categorization was done by performing pairwise domain comparisons of isoforms within each SV group on Batch-CD Search results (Fig. 5) , with the focus on (i) disparate domains, defined as SVs differing in at least one conserved domain, (ii) similar domains, defined as SVs having the same types of domains, but the number of domains can be different, and (iii) no known domains, defined as at least one of the SVs lacked any conserved domains. This domain categorization allowed the exploration of differences among SVs with respect both to their functional domains and timing of expression, which can facilitate prediction of possible functional roles of different SV pairs. SVs having different expression profiles (reflected in Fig. 4 Assembly of super-clusters. a Normalized FPKM values of the set of 2,938 transcripts were clustered into 25 groups using the k-means algorithm. Clusters with similar expression profiles across developmental stages were grouped into six super-clusters. Three major developmental stages (early maturation (green), mid-to-late maturation (blue), and desiccation (red)) containing 94.5 % of the transcript population were identified. b Trends involving changes in metabolites and transcript levels [28] were grouped by developmental stages and color coded as corresponding three major super-clusters their presence in different super-clusters) with different number and types of conserved domains may play distinct roles in developing embryos. Domain comparisons among SVs present within the same super-cluster were also performed to obtain information about SVs that had similar expression profiles.
Interestingly, the majority of SVs (80 %) originating from the same gene co-expressed and belonged to the same super-cluster. Others were expressed at different times (different super-clusters, e.g., "DT, early maturation"). The majority of SV groups either had similar domains (48 %) or one of the SVs in the group lacked any known domain, regardless of super-cluster comparisons (37 %) (Fig. 5) . The group of SVs with no domains included both sense lncRNAs (12 %) and transcripts encoding peptides or proteins with no known domains (14 %). For example, 777 SV pairs were up-regulated at the DT stage (both SVs belonged to the DT super-cluster). Among these SV pairs, the majority had similar domains (399 SV pairs), while only 72 SV pairs had disparate domains. The remainder of the SV pairs contained one partner SV with no known domain. Eighty SV pairs belonged to the midto-late and early maturation super-clusters. While these SV pairs had completely different expression profiles, 38 and 42 SVs had similar and different, respectively, conserved domains.
Sense and antisense transcript pair analysis
Emerging studies provide evidence that natural antisense transcripts play an important role in regulating gene expression [49, 50] . RNA-Seq analysis enabled the identification of 167 novel sense and antisense transcript pairs that showed changes in expression during soybean embryo development. A plausible hypothesis is that if a corresponding sense and antisense transcript pair shows positively or negatively correlating expression patterns, then the stability of the sense transcript will be affected by the antisense transcript. For sense and antisense transcript pairs, potential correlations were investigated using Pearson correlation analysis. The majority of sense-antisense pairs (155 out of 167 pairs) had significantly correlated expression profiles during soybean embryo development (Additional file 10: Table S4 ). Specific examples of potential antisense regulation will be discussed in detail in section 4.4. in relation to ABA and/or FUS3 action and timing of their expression.
AS events related to ABA and/or FUS3 action FUS3 plays a key role in the regulation of seed development [51] , as does the phytohormone ABA [1] . It was therefore of great interest to understand the relationship of RNA splicing and antisense regulation to ABA-and FUS3-related events in developing soybean embryos and to search for possible clues to as yet unknown and/or partially understood regulatory mechanisms. Therefore, we mined the set of the 2,938 transcripts for potential ABA-and FUS3-related targets. ABA-related Arabidopsis genes were extracted from [1] and included proteins involved in ABA metabolism and signaling, as well as those associated with interactions of ABA with other hormone-mediated pathways. Similarly, the identity of the genes in the FUS3 regulon in Arabidopsis was obtained from [51] . The Arabidopsis gene IDs associated with the corresponding soybean genes encoding these 2,938 differentially expressed transcripts were crossreferenced with the Arabidopsis ABA-related and FUS3-regulated genes to obtain ABA-related and FUS3-regulated potential homologs in soybean. This mining led to the detection of 318 transcripts (Additional file 11: Table S5A ). These transcripts were carefully examined with respect to conserved domains, coding potential, and functional annotation. The majority of ABArelated transcripts were expressed during the mid-to-late and DT phases of soybean embryo development (89 %). FUS3 is encoded by two genes in soybean, each producing one transcript (Glyma16g05480.2 and Glyma19g27336.1) in developing embryos, both genes showing similar and stable expression until day 55 when their levels dropped significantly [26] . The FUS3 regulon [51] contained 181 transcripts, some of which are also related to ABA signaling, showed differential expression during soybean embryo development.
AS events related to ABA and/or FUS3 action during early maturation
The early super-cluster is relevant to young, fully differentiated, green embryos that expressed genes associated with various aspects of cell division but already had started to accumulate seed storage compounds [26] . The FUS3-related SVs belonging to the early super-cluster included: (i) L1L, (ii) receptor protein kinase barely any meristem (BAM) 2 and calcium-dependent protein kinase (CPK) 11, and (iii) a component of 26S proteasomemediated protein degradation radiation sensitive (RAD) 23. A number of Auxin response factors (ARFs) and regulatory proteins involved in flower developmentrelated cell division and differentiation, some of which are connected to regulating seed development [52] [53] [54] , were also identified.
Some soybean SVs that were expressed during the mid-to-late phase showed differences with respect to their respective functional domains (ARF2 and 6, CPK11, and RAD23). For example, a novel CPK11 SV was missing the EF-hand (EFh) domain present in the canonical SV (Fig. 6) . The novel RAD23 SV lacked a ubiquitin (UBQ) superfamily domain. AS can also change the protein sequence, so that the SVs resemble different, but related proteins, which was observed for ARF6 and 8 (Glyma02g45100.N2 and 1). Interestingly, the novel ARF6 SV also lacked two domains, but had a new PB1 superfamily domain found in dimer-forming protein kinases [55] [56] [57] .
AS events related to ABA and/or FUS3 action during mid-to-late maturation
The mid-to-late super-clusters included SVs that showed increased transcript levels during the stages of steadystate seed storage compound accumulation [26] . Only three alternatively spliced FUS3 targets connected to the B3 network, belonging to the mid-to-late super-cluster were identified: (i) the transcriptional regulators HAP2A nuclear factor YA (NF-YA) 1 and bZIP66 (ABA-responsive element binding protein AREB3) and (ii) the E3 UBQ ligase DREB2A-interacting protein (DRIP) 2. While the HAP2A protein was not affected by AS, bZIP66 Glyma03g00580.N2 had ten additional amino acid residues at the C terminus and an extended 5'-UTR. The DRIP2 SV Glyma02g15980.N2 lacked the C3HC4-type Really Interesting Gene (RING) finger domain important for protein-protein interactions of UBQ ligases [58] and belonged to the early super-cluster.
AS events related to ABA and/or FUS3 action during DT
The DT super-cluster contains predominantly ABArelated SVs that showed basal transcript levels during all seed filling phases and high expression in yellow embryos at day 55 [26] (Additional file 12: Figure S5A ). ABA-related SVs included transcripts encoding proteins similar to: (i) the epigenetic regulator histone deacetylase (HDAC) 6 associated with chromatin remodeling, (ii) two regulatory components of ABA-and G-protein related receptors REGULATORY COMPONENTS OF ABA RECEPTOR 3 (RCAR3) and G-PROTEIN COUPLED RE-CEPTOR 1 (GCR1), respectively, (iii) the transcriptional regulators of ABA signaling no apical meristem (NAM) TF (ATAF1) and ABI5-binding proteins (AFPs), (iv) sucrose nonfermenting related kinase protein (SnRK2.6), and (v) signaling-related phospholipase D delta (PLDdelta). ATAF1 was also identified in the FUS3 regulon. The only other FUS3-regulated SVs related to seed maturation and expressed in DT were those encoding saposin-like Asp proteases.
Differences with respect to protein length, number of domains (e.g., PLD delta, ATAF1, saposin-like Asp proteases), the absence of any known domains, (AFP4), and length of either the 5' or the 3' UTR (GCR1) occurred among different SV pairs. Variants of the same protein that showed similarity to different, but related, Arabidopsis proteins were also identified. While the SV Glyma04g38560.1 was similar to ATAF1 (At1g01720), Glyma04g38560.N2 was more related to At5g63790, a NAM domain-containing protein (NAC) 102, than to ATAF1. Similarly, Glyma17g01500.1 was similar to the saposin-like Asp protease At1g62290, but N3 resembled a different vacuolar protease (At1g11910). Interestingly, AS did not affect the structure of the G protein-coupled receptor domain in the novel, slightly shorter GCR1 protein, instead, the two SVs differed with respect to their 3'-UTRs. Differential expression was also observed in other SV pairs. The novel PLDdelta and HDAC6 SVs belonged to the early super-cluster, and the novel GCR1 SV to the mid-to-late super-cluster.
Antisense events related to ABA and/or FUS3 action SV groups of ABA-and FUS3-related genes that were co-expressed during the same developmental phase showed multiple differences. AS lead to the production of lncRNAs and/or differences in protein sequence, number and types of functional domains, in 5'-and 3'-UTR length and sequence, and expression patterns. While these changes were detected in all phases of soybean embryo development, the occurrence of antisense transcripts among the ABA-and/or FUS3-related transcripts was confined to the early and DT phases. Antisense transcripts expressed at the early phase include those associated with genes encoding ABA glucosylase, L1L, BAM2, and genome-uncoupled (GUN5) (a putative ABA receptor at the chloroplast envelope) [59, 60] . The only exception was an antisense transcript associated with a putative cytokinin transporter PUP1 gene. This antisense transcript co-expressed with its sense transcript during the mid-to-late phases.
Several antisense transcripts were also detected at day 55 of embryo development (DT) and appear to be connected to processes involving interactions of ABA with other phytohormones. Overall, 23 transcript pairs, regardless of any relation to ABA signaling, in which one member of each pair was antisense, together with seven single antisense transcripts without an accompanying sense transcript were detected at day 55 (Additional file 11: Table S5B ). Among this population, several transcripts encoding proteins related to GA or ethylene signaling were present in both antisense and sense orientations and included GA2 oxidase, several ERFs, and PIL5 protein.
Generation and analysis of co-expression network
Co-expression networks have been used to infer potential gene interactions and functions [61, 62] . However, the majority of these networks have been limited to genes due to lack of isoform-specific transcript information. Here, ArrayMining [38] was used to obtain an isoform-specific co-expression network for the set of 2,938 transcripts (Fig. 7a) . In the resulting network, each node represents a transcript and is colored according to its respective super-cluster. To reveal possible specific relationships among transcripts belonging to ABA-and FUS3-related events, the 318 transcripts (see AS events Table S5A ). These ABA-and/or FUS3-related transcripts were used to generate a sub-network, reflecting temporal expression in the context of six super-clusters (Fig. 7b) . Of the 318 total transcripts encoded by target genes associated with FUS3-and/or ABA-related function, 311 transcripts were located within the three superclusters corresponding to the three major phases of soybean embryo development.
Identification of the hubs
Although the co-expression network separates different super-clusters, interpretation of connections among the nodes remained intractable due to the large size of this network. To address this problem, we identified the most highly connected nodes (hubs) within each supercluster. Hubs are the key network properties that reduce network complexity to the major connectors. In all cases, only one transcript derived from the same soybean gene was found to be a hub. Available functional information for hubs is presented in Fig. 8 . Approximately 50, 13, and 86 % of transcripts were significantly connected to the hubs represented by transcripts of diverse functions in the early, mid-to-late, and DT super-clusters, respectively. Five hubs with a large number of associated nodes were identified in the case of DT. Among the DT-associated hubs were transcripts encoding soybean proteins similar to Arabidopsis peroxin 19 targeted to the peroxisome [63] , PATATIN-like protein 6 involved in lipid and auxin signaling [64] , redox-related GST PH9 protein implicated in JA signaling [58] , an F-box protein associated with an E3 UBQ ligase complex [65] , and a lncRNA transcribed from a homolog of At1g60940, SnRK 2.10 involved in ABA signaling [66] .
Identification of the nearest neighbors of GCR1 and CPK11
GCR1 and CPK11 are two putative regulators of seed development belonging to the group of 318 ABA-and/ or FUS3-related transcripts. GCR1 and CPK11 premRNAs were alternatively spliced in developing soybean embryos and the resulting SVs were present in different super-clusters. The domain composition of each GCR1 and CPK11 SVs was confirmed by using the InterPro database [16] . In Arabidopsis, GCR1 (At1g48270) is an ABA-responsive, G-protein-related receptor component distinct from the well-studied RCAR group of receptors [67] . CPK11 (At1g35670) is a protein kinase acting as a positive regulator of ABA/FUS3-mediated responses during seed filling [68] . Guilt-by-association of GCR1 and CPK11 SVs with transcripts of known functions can yield improved understanding of their regulation and function.
To further elucidate isoform-specific functions of these two important regulators, the nearest neighbors of GCR1 and CPK11 were identified in the corresponding sub-networks (Fig. 9 , Additional file 13: Table S6 ) originating from the ABA/FUS3-related co-expression network (Fig. 7b) . The two GCR1 SVs were expressed at the Fig. 7 Isoform-specific co-expression network for the set of 2,938 transcripts. ArrayMining was used to construct the co-expression network. The resulting network was visualized in Cytoscape. Transcripts (nodes) are color-coded based on their respective super-cluster. a Co-expression network visualization of the 2,938 transcripts in the organic layout. b Co-expression sub-network for all 318 ABA-related and FUS3-regulated targets (see Results AS events related to ABA and/or FUS3 action section) grouped by super-cluster. The relative density of edges (in gray) reflects different degrees of connectivity among super-clusters. The majority of ABA-and FUS3-related transcripts (310) were located in the three major super-clusters DT and mid-to-late stages, respectively, and were associated with two distinct groups of transcripts. The nearest neighbor group comprising 38 nodes representing SVs expressed during DT was associated with Glyma17g33480.1-encoded GCR1 (Additional file 13: Table  S6A ). Transcripts associated with Glyma17g33480.N3 were differentially expressed during the early and mid-tolate phases of embryo development (Additional file 13: Table S6B ).
The nearest neighbors belonging to the DT-based subnetwork were primarily related to signaling or defense. Three coding and one noncoding ATAF1 transcripts were also among the nearest neighbors of GCR1, as were lncRNAs of heat shock protein (Hsp40) and BT2/ BT3. Only two lncRNAs of unknown function were identified as the nearest neighbors of the novel GCR1. A number of coding transcripts were also identified as strongly co-expressing with either the known or novel GCR1 SV. These transcripts encoded enzymes involved in seed filling or germination-related metabolism, including glucose/ribitol dehydrogenase, saposin-like Asp proteases, thiamine biosynthesis protein C (THIC), plastidic glyceraldehyde-3-phosphate dehydrogenase A (GAPDH), and sucrose-phosphate synthase. Homologs of regulatory proteins, including a histone deacetylase (HDAC), Hsp40, and several SVs encoding cystathionine beta-synthase (CBS)-domain-containing proteins that are associated with SnRK1 and energy sensing [69, 70] were also identified. Thioredoxin, rubredoxin, and nicotinamide adenine dinucleotide phosphate (NADPH oxidase, RBOF5) represented the redox-related proteins. It is notable that many SVs present in the sub-networks with the centered GCR1 SVs were "singletons", that is to say that only one member of a given SV group was present as a Fig. 8 Hubs associated with the three major super-clusters. An in-house python program was used to identify the most highly connected nodes (transcripts) within each super-cluster. The corresponding non-hub SV is also included in the table. Structural or functional differences among these SV-pairs are also indicated. Super-clusters are color-coded as follows: green for early maturation, blue for mid-to-late maturation, and red for DT. Degree of connectivity reflects how well transcripts are connected to each hub (number of connections/ total number of transcripts). *lncRNA, **antisense lncRNA node in the sub-network. Interestingly, counterparts of some of these singletons associated with the known CPK11 SV and also belonged to the FUS3 regulon (GAPDH, THIC, saposin-like Asp proteases, and AP2/B3-like TF).
The full length CPK11 (Glyma06g16920.1) strongly co-expressed with several ABI3-and/or FUS3-regulated genes encoding alternatively spliced regulatory proteins (L1L, GUN5) (Fig. 7b) . Both BAM2 SVs and a Ser carboxypeptidase-like protease (SCPL17) were identified as the nearest neighbors of CPK11 that also belonged to the FUS3 regulon. The novel SVs of S-adenosyl-L-methionine methyltransferase (SAM MT), pyruvate kinase, and SPEECHLESS (SPCH) were also identified as the nearest CPK11 neighbors and reclassified by CodeWise as lncRNAs with high probabilities (84, 99 , and nearly 100 %). For metabolism-related processes, the corresponding SVs encoded enzymes involved in fatty acid/oil biosynthesis or storage (fatty acid synthase KAS1), amino acid metabolism (Asp/2-oxoglutarate aminotransferase PAT), and ascorbate biosynthesis (guanosine diphosphate (GDP)-mannose-3,5-epimerase 2 GME1) (Additional file 13: Table S6C ). The CPK11 SV Glyma06g16920.N2 had only four nearest neighbors, two of which were connected to the B3 network (AFP2 and DRIP2) and the novel AFP2 SV was predicted to be lncRNA with a 95 % probability (Additional file 13: Table S6D ).
Discussion
Current high-throughput transcriptomics data reveal a global occurrence of diverse types of transcriptional and post-transcriptional events, leading to the formation of transcripts of different coding potential and strand orientation. Knowing the coding potential and other characteristics of transcripts, including sequence similarity and presence of functional domains in resulting proteins, represents a first step towards discovering novel functionalities. We developed an integrated computational framework involving (i) a transcriptome-wide analysis of functional domains in proteins and an in-house SVM classifier, CodeWise, that categorizes transcripts as coding and noncoding and (ii) a relatively small-scale network analysis of 2,938 transcripts focusing on temporally driven co-expression and co-regulation.
Integrating various features improved accuracy of CodeWise predictions
Domain analysis yielded predictions regarding transcript and protein functions that can be experimentally validated. CodeWise enabled classification of known transcripts into coding and noncoding categories with AUC over 0.98 when trained and tested with a comprehensive list of features. In most cases, the decision regarding noncoding classification was straightforward (e.g., transcripts with short putative ORFs, long 5'-and 3'-regions, Table S6 no conserved domains, and high free energy of RNA secondary structure). The free energy of RNA secondary structure represents an intrinsic feature related to structural stability of transcripts [71] and its inclusion improved classifier performance. Predicting the coding potential of transcripts was challenging only in cases of conflicting results obtained from different features, specifically, concomitant presence of features characteristic for coding and noncoding transcripts. Such transcripts can be identified based on their low coding and noncoding probabilities (e.g., 0.45 and 0.55, respectively). CodeWise had low false positive and negative rates and outperformed CPC in accuracy due to the additional features used.
Landscape of transcripts in developing soybean embryos
CodeWise was used to classify all transcripts detected in developing soybean embryos and, in combination with other tools, to analyze a set of 2,938 differentially expressed and alternatively spliced transcripts in terms of coding potential, expression timing, and changes in number and types of domains. The time period in seed development examined in this study extended from early maturation through the acquisition of dormancy and DT. Our analyses demonstrated the existence of a changing population of multiple types of transcripts over this part of soybean embryo development.
Interestingly, a relatively high proportion of coding and noncoding transcripts with no known domains were detected overall (27 % of total), especially during DT. Many coding transcripts were predicted to encode small proteins lacking known domains (<120 amino acids; encoded by small ORFs). Considerable conservation of small ORFs across five leguminous species (including soybean) and Arabidopsis has been demonstrated [72] , suggesting that these are bona-fide proteins that probably act through conserved mechanisms. Known pathways, including sucrose signaling, in which small ORFs participate as "peptoswitches", were identified in plants [73] . We have identified instances of transcripts that were classified as coding with no known domains that are associated with ABA signaling (Additional file 11: Table S5A ), but their potential function as peptoswitches remains to be investigated.
Long noncoding and antisense transcripts have also been implicated in regulating development and signaling in plants [15, 71, 74] . With respect to coding/long noncoding or sense/antisense transcript pairs, a starting hypothesis is that their co-expression leads to either chromatin modification and/or degradation or stabilization of the sense mRNA [7, 11, 50] . The majority of SVs (80 %) derived from the same gene (SV group) belonged to the same super-cluster, including long noncoding and antisense transcripts and their respective coding partners. The overall significance of these co-expression results
is not yet clear, but it could be reflecting important conserved transcriptional and/or post-transcriptional regulatory mechanisms.
ABA-and FUS3-related transcripts were highly connected within the co-expression network of developing soybean embryos ArrayMining [38] was used to generate an isoformspecific co-expression regulatory network for the set of 2,938 transcripts (Fig. 7a) . The resulting co-expression network showed three different kinds of strong associations among the transcripts present in the different super-clusters (Fig. 7b) . First, transcripts from ABA-and FUS3-related regulons were identified within the overall network, revealing a specific sub-network. Transcripts within this sub-network were tightly clustered primarily around the three major super-clusters (early maturation, mid-to-late maturation, and DT). This clustering validated the original arrangement of the data into these temporally-based super-clusters. Second, GCR1 and CPK11 SVs expressed at different phases were found to have mostly distinct nearest neighbors, though some SVs were shared between the GCR1 and CPK11 subnetworks, providing a link between AS-related regulation of ABA-and FUS3-mediated signaling. In the case of the canonical GCR1 SV, the nature of its nearest neighbors may correspond to a specific coordinated regulatory mechanism involving AS, chromatin remodeling, redox-related processes, and signaling during DT. The presence of several lncRNAs among the nearest neighbors of GCR1 suggests that AS events involving the production of these lncRNAs are part of a distinct regulatory mechanism related to GCR1 action. Third, five hubs (including a lncRNA transcribed from a homolog of At1g60940, SnRK 2.10) with a large number of associated nodes were identified computationally in the case of DT, providing a connection between AS, redox regulation, and signaling pathways.
Evidence for post-transcriptional events leading to coordinated pre-mRNA splicing Transcripts of some of the best-studied TFs and ABA biosynthetic genes that are known to regulate seed development (ABI3, FUS3, and 9-cis-epoxycarotenoid dioxygenases (NCED) 1, 4, and 5 [1] ) were present at relatively high and stable levels throughout soybean embryo maturation. Activities of ABI3 and FUS3 are also regulated through protein phosphorylation [75, 76] and proteosomal degradation [77, 78] . ABA-mediated signaling leads to the induction of specific SnRK kinases activating FUS3 and ABI3 [75, 79, 80] . Phosphorylation of FUS3 increases the stability of these short-lived proteins [76] . However, SnRK1.1 (represented by Glyma08g26180 and Glyma08g26191) transcript levels remained stable during soybean embryo development [26] , suggesting that any differential regulation mediated by this kinase would have to be at its translational and/or posttranslational levels.
While FUS3 transcript levels and, possibly, protein activity remained stable in developing soybean embryos, many SV pairs of ABA-related and FUS3-regulated genes were differentially expressed and did not coexpress with FUS3. Differential expression of SVs originating from the same pre-RNAs suggests the occurrence of post-transcriptional events, which can globally influence transcript levels and stability. This is consistent with the observation that many ABA-related and FUS3-regulated transcripts that originated from different, but functionally related genes were co-expressed in the data set. It appears that specific splicing components can regulate differential splicing of groups of pre-mRNAs during specific stages of embryo development, leading to differential temporal expression of these SVs. It is tempting to hypothesize that this coordinated splicing ("co-splicing") may be a common regulatory mechanism employed in signaling processes within the embryo developmental programs. AS was proposed as a global regulatory mechanism in seed dormancy [81] , and it also could be the case in developmental transitions within embryo maturation.
Potential roles for alternate pathways and antisense regulation in phytohormone interactions during late seed maturation and germination
The majority of ABA-related SVs corresponded to Arabidopsis genes already documented to participate in dormancy or, in some cases, germination. It is also interesting to note that a SV of a homolog of RCAR3/ PYRA-BACTIN RESISTANCE 1-LIKE (PYL 8) implicated in ABA signaling that promotes dormancy [82] was differentially expressed during DT, whereas an SV corresponding to PYL6 was expressed during the mid-to-late phase. Given the differences in the population of SVs that are ABA-related and were expressed during one or other of the two phases, it is possible that distinct ABA signaling pathways are in operation during the two developmental phases (Additional file 12: Figure S5A) .
Transcripts of putative soybean homologs of Arabidopsis genes known to be associated either with ABArelated events (including, but not restricted to signaling), and/or to be targets of FUS3 were associated with specific AS events or antisense expression. AS resulted in altered numbers or types of domains and production of coding and noncoding transcripts, which has consequences for molecular interactions, epigenetic events, regulation of protein activity, and subsequently function. This information was incorporated into proposed signaling pathways using the Beacon editor (Fig. 10 , Additional file 12: Figure S5) , with extensive use of published information from genetic or biochemical studies regarding observed mutant phenotypes or biochemical characteristics of the proteins involved.
The occurrence and expression changes of ERFs, PIL5, and GA2 oxidase antisense transcripts were validated by qPCR (Additional file 5: Figure S3 ). The occurrence of these antisense transcripts during DT can reflect the well-documented antagonism of ABA with ethylene [83] . The presence of antisense transcripts corresponding to PIL5 and the GA degrading enzyme GA2 oxidase that is activated by PIL5 [84] is not readily explicable as an expected repressive effect on GA metabolism during dormancy (Fig. 10) . There are conflicting reports on whether PIL5 acts to trigger release from dormancy or inhibit germination [81, 84] . It is possible that this is an instance of a positive regulatory effect of an antisense transcript on RNA stability [49] or that these antisense transcripts are stored for germination to suppress PIL5 and GA2 oxidase to release dormancy.
Inferring transcript and protein functions in the context of regulation of seed filling
In Arabidopsis, seed maturation starts with the expression of LEC1, which induces transcription of L1L, LEC2, FUS3, and ABI3 [1, 85] . LEC1 and L1L represent HAP3-type subunits of heterotrimeric CCAAT-box binding factors [86] [87] [88] , which activate transcription of genes involved in the synthesis and accumulation of seed storage compounds [89] [90] [91] . ABI3 and FUS3 are positive regulators of the ABI5 family of TFs, including bZIP66, promoting accumulation of seed storage compounds [1, 92] . L1L, HAP2A, and bZIP66 are components of the B3 network that were alternatively spliced (Additional file 5: Figure  S5B ). The novel soybean L1L variant is a noncoding antisense transcript confirmed by qPCR to be expressed in the early maturation phase (Additional file 5: Figure S3 ). Because the L1L transcripts showed negatively correlated expression profiles, it is possible that the antisense transcript negatively regulates levels of the sense transcript in soybean. LEC1-mediated transient activation of L1L [91] could be inhibited post-transcriptionally through this antisense transcript to confine the L1L presence to the early phases of seed filling. Although the L1L and HAP2A proteins physically interact [88, 93, 94] , their transcripts were present at different times during soybean embryo development, which makes concurrent protein-protein interactions and transcriptional regulation unlikely. Genetic evidence in Arabidopsis supports the co-regulation of HAP2A and LEC1/ L1L transcription in early seed filling [95] . These two HAP2A isoforms are probably not the bona-fide L1L interacting partners in soybean.
The B3 network contains transcriptional regulators. Activities of these TFs are also regulated at the post-transcriptional level. Several ABA-related and/or FUS3-regulated genes encoding protein kinases (BAM2, CPK11) and components of the 26S proteasome (DRIP2 and RAD23) were alternatively spliced and, in some cases, could be associated with specific TFs (Additional file 12: Figure S5B ). Arabidopsis Ca 2+ -dependent protein kinase CPK11 acts in parallel with SnRK2 kinases to phosphorylate and activate specific bZIP TFs (ABFs, ABI3, and ABI5) involved in promoting dormancy [68, 75, 96, 97] . The fulllength CPK11 (Glyma06g16920.1) strongly co-expressed with L1L and several FUS3-regulated metabolic genes. Both BAM2 transcripts, SCPL17, and AP2/B3 TF were also identified as the nearest neighbors of CPK11 regulated by FUS3. While SCPL17 and AP2/B3 are functionally uncharacterized, BAM2 is involved in flower and fruit development [98, 99] . Association of these transcripts with CPK11 and FUS3 implicates their potential involvement in early seed filling signaling.
Interestingly, the novel CPK11 SV was expressed during mid-to-late seed filling and lacked both EFh domains present in the canonical SV. The EFh domains occur as pairs and are responsible for changing protein conformation upon Ca 2+ binding to modulate protein activity [100] . The novel CPK11 variant could phosphorylate its targets during mid-to-late seed filling independently of Ca 2+ -mediated signaling. Its direct co-expressers AFP2 and DRIP2 are associated with the B3 network through ABA/ABI3/ABI5 and FUS3 signaling, respectively. DRIP2 ubiquitinates the positive regulator of ABA-independent drought responses DREB2A [101] [102] [103] . Protein-protein interactions of the novel DRIP2 SV are likely compromised due to the absence of the C3HC4-type RING-finger domain and functions of this SV in the B3 network and early seed filling phases remain to be elucidated.
RAD23 proteins are similar to UBQ and are involved in transporting ubiquitinated proteins to the 26S proteasome for degradation [104, 105] . RAD23 transcription was suppressed in response to ABA and in the protein phosphatase 2C abi1 mutant [106] . In addition, RAD23 was identified as an interacting partner of a rice ABI3 homolog [107] , placing it downstream of FUS3, SnRKs, and CPK11 in the B3 network as a negative regulator of ABI3 activity. The known RAD23B SV belonged to the early super-cluster and could be involved in delivering ABI3 for degradation to the 26S proteasome in developing soybean embryos. It is not clear whether the novel SV was active as it lacked a UBQ superfamily domain [108] .
Conclusions
This report demonstrates the usefulness of our integrated computational framework for the analysis of transcriptomics data, leading to prediction of experimentally testable and specific hypotheses concerning the functions of expressed transcripts. The behavior of many of the coding transcripts identified here has not been studied previously in seeds or at all in the case of long noncoding and antisense RNAs. Taken together, a common Fig. 10 Proposed interactions of ABA with GA, ethylene, and phytochrome signaling pathways involving potential post-transcriptional regulation by antisense transcripts during desiccation phases and/or seed germination. These simplified signaling pathways were drawn in the Beacon editor. Signaling components involving sense-antisense transcript pairs are shown in two different shades of blue. The influence arcs do not imply the direct interactions; they indicate a positive or negative influence between the corresponding glyphs functional theme integrates the hubs related to DT in regulation, stress responses, and phytohormone signaling and suggests the existence of distinct ABA-related pathways, specific to different phases of soybean seed development. Several components of the B3 regulatory seed filling network were subjected to AS, potentially leading to differential expression and regulation as well as novel functionalities. Our computational approaches facilitated identification of other regulators possibly involved in seed filling and desiccation and dormancy induction phases of soybean embryo development.
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